Abstract The objective of this paper is to quantify selection effects related to blood donation behavior and their impact on donors' perceived health status. We rely on data from the 2009 and 2010 survey waves of the German socio-economic panel (N = 12,000), including information on health-related, demographic and psychographic factors as well as monetary donation behavior and volunteer work. We propose a propensity score matching approach to control for the healthy donor effect related to the health requirements for active blood donations. We estimate two separate models and quantify selection biases between (1) active and inactive blood donors and (2) active donors and non-donors. Our results reveal that active donors are more satisfied with their health status; after controlling for selection effects, however, the differences become non-significant, revealing selection biases of up to 82 % compared with non-donors. These differences also exist between active and inactive donors, but the differences are less distinct. Our methodological approach reveals and quantifies selection biases attributable to the healthy donor effect. These biases are substantial enough to lead to erroneous statistical artifacts, implying that researchers should rigorously control for selection biases when comparing the health outcomes of different blood donor groups.
Introduction
Individuals willing to donate blood are required to be healthy, according to the criteria developed by blood donation organizations. Thus, the causal relationship between blood donation and health status should be in line with the fact that only healthy persons are allowed to become donors. 1 However, the reverse causal effect has also been widely discussed. For example, donors believe that donating blood improves their true and perceived health status [1, 2] . The positive effect of blood donation on donors' health has been shown in past studies related to cardiovascular diseases [3, 4] or cancer [5] . In addition, donors argue in web forums (e.g., askwille.com) that they became healthier after donating blood, and some blood donation organizations even actively promote this causal effect (e.g., the American Red Cross). 2 These two lines of arguments are based on contrary causality. However, the positive effect of blood donation behavior on donors' health in particular is potentially based on selection effects. The methodological pitfall underlying this selection effect is called the ''healthy donor effect'', suggesting an overestimation of the positive post-donation health effects [6] . Interestingly, only a few studies have noted the need to control for selection effects related to the healthy donor effect when investigating the health differences between donors and non-donors [6, 7] . Specifically, Atsma and de Vegt [6] recommended avoiding betweengroup (donors and non-donors) comparisons and instead focusing on within-group analyses, thereby underlining the need for more research about how to control for selection effects related to donation behavior. In addition, Atsma et al. [7] showed initial support for the fact that donors and non-donors differ systematically with regard to several relevant characteristics. However, they did not quantify the overall effect of selection bias on health outcomes. Thus, the effect size of the healthy donor effect remains an open and important issue because the positive health-related effects associated with donating blood may be simply driven by selection effects.
We address this problem by applying propensity score matching (PSM) to a large sample of donors and nondonors. This methodological approach allows us to uniquely measure the magnitude of the healthy donor effect. We measure individual health as the participants' self-assessed satisfaction with health, given that past research has shown that self-assessed health information is a valid indicator of real health outcomes [8] . We provide a comparison of the self-assessed satisfaction with individual health status between active and inactive blood donors as well as non-donors by controlling for selection effects. By capturing the selection bias related to the healthy donor effect, we are able to avoid overestimating the perceived health status of the active donors. For our econometric analyses, we use data from the German socio-economic panel (SOEP) which comprises more than 12,000 active and inactive donors and non-donors in Germany.
Previous research

Self-assessed health status
Previous research on the drivers of individual satisfaction with health is voluminous [8, 9] . ''Good'' self-assessed health status is a relevant factor for explaining future mortality and morbidity. An early study by Mossey and Shapiro [10] tested the hypothesis that self-assessed health is a predictor of mortality independently of ''objective health status''. The increased risk of death associated with poor self-rated health was greater than that associated with poor objective health status, poor life satisfaction, low income and being male. These findings provide empirical support for the belief that the way a person views his or her health has an important relationship with subsequent health outcomes.
More recently, two related studies offered a review of 27 community studies from different countries and analyzed the effect of self-assessed health status on future mortality [8, 11] . Almost all of the investigated studies showed that individuals with a lower self-assessed health status tend to have a higher mortality risk. An additional meta-analysis confirmed the significant relationship between self-assessed health status and mortality even after controlling for depression or co-morbidities [9] . The findings described above have been confirmed for different countries, including Denmark [12] , the United States [13] , Canada [14] and the UK [15] .
Overall, these findings underline the validity of selfassessed health as an indicator of the objective health of respondents.
Selection effects of blood donation on health outcomes
Previous studies have investigated the influence of blood donation behavior on the health of donors, finding mostly beneficial effects [3, 16] . Nonetheless, recent articles argue that these findings may be biased because of the systematic differences between donors and non-donors which lead to selection effects [6, 7] . These selection effects may have different causes besides the requirements for donors to fulfill specific health criteria, e.g., self-selection on health leading potential donors to feel able to donate. They may be compared to a membership bias like the healthy worker effect, which is a well-known methodological problem in occupational studies. It refers to the fact that mortality rates are usually lower in the working population because a working individual must be healthy to be able to work. Similarly, donors have to fulfill specific health criteria to become blood donors, so the donor population is generally healthier than the nondonor population.
Until now, the healthy donor effect has been recognized as a methodological problem in health research related to blood donation [4, 16] . While single studies have indicated that the healthy donor effect exists [7] , a methodological framework that controls for selection effects while comparing health-related outcomes between donors and non-donors is missing. We address this gap and control for selection biases related to the healthy donor effect while comparing the self-assessed health status of active blood donors with that of inactive donors and non-donors.
Method
Donors and non-donors are characterized by systematic differences [17, 18] . The decision to become a donor does not occur independently of these characteristics. Because of the systematic differences with respect to their health status [19] and demographic [20] or psychographic characteristics [21] , populations of donors and non-donors show systematic selection effects which may be related to different causes. One of the most relevant sources of these selection effects relates to the health criteria that are required from potential donors. Before a person may donate blood, a series of medical checks must be conducted to prove that the person's health status is sufficient [22] . Hence, group comparisons of satisfaction with health between donors and non-donors are biased if the systematic differences between the groups are ignored [23] .
PSM helps to reduce these systematic differences [24] . It separates the selection effect caused by the health requirements for donating blood from the unbiased effect of health outcomes attributable to donation behavior. Considering blood donation behavior as an experimental treatment, a comparison between donors and non-donors would be unbiased only if each person were assigned randomly to one of the groups [23] . As outlined above, becoming a blood donor is not a random process; it is related to systematic health-related differences because only healthy individuals are allowed to donate blood. PSM captures these systematic group differences, separates selection effects, and enables corrected estimates of group differences [23, 25] . 3 The average effect of blood donation on health is captured by the group-dependent differences in health outcomes, which are unobservable because a person either donates blood or not and can only be part of one group (i.e., if a person is a blood donor, we cannot observe this person's health status as a non-donor; [26] ). PSM approximates the non-observable health outcome for donors that would have occurred if they had not donated blood. This approximation is realized by identifying individual pairs of donors and non-donors that are similar with regard to relevant characteristics [27] . The estimated propensity score -indicating (if normalized) the probability that a person becomes blood donor given his/her characteristics-is used to reduce selection bias by matching donors and nondonors based on their characteristics.
The propensity score is estimated via a logit (probit) regression in which blood donation behavior (group membership) is used as the dependent variable. In contrast to ordinary least-squares regression, PSM enables a comparison only for those individuals whose propensity scores overlap to a certain extent, indicating common support [28] .
After the matching process, ''twin'' pairs of individuals are identified that (optimally) differ only in their blood donation behavior. Consequently, blood donation behavior (i.e., being a donor or not) can be considered equivalent to a random experimental treatment, and the comparison of health outcomes within the matched sample is corrected for the selection biases caused by the healthy donor effect. Furthermore, by comparing the health status between the matched and non-matched samples, we can quantify the healthy donor effect.
Empirical analysis
Data and sample
The German SOEP 4 is a representative longitudinal survey of private households and individuals that has been conducted annually since 1984. More than 20,000 persons are sampled yearly to participate in the paper-and-pencil survey conducted by the market research institute TNS Infratest Sozialforschung [29] . SOEP has a high degree of stability: 53 % of the households who participated in the first SOEP wave were still participating 25 years later in 2010.
The data provide rich information about health, satisfaction, demographic and psychographic factors, and the survey is constantly adapted to current social developments. Consequently, new questions on specific topics are included at regular intervals for 2-10 years. In 2010, questions about blood donation behavior were integrated for the first time (see Appendix 1). This survey wave serves as the baseline for our empirical analyses.
Because blood donors are more prone to ''volunteer'' in general [30] , it is important to control for alternative donation forms. 
Variables
This section presents the measures and descriptive statistics for the variables used in the propensity score estimations that are necessary for the subsequent matching procedure as well as for the outcome variable.
Treatment variables
We divided the respondents into three groups based on their stated blood donation behavior in the SOEP wave of 2010: (1) active donors (8.11 %), respondents who donated blood in 2009; (2) inactive donors (9.26 %), respondents who donated blood in the 9-year period before 2009 but not in 2009; and (3) non-donors (82.63 %). 6 Our objective was to compare the health of the active donors with the health of the other two groups. Hence, we derived two dummy variables comparing (1) active and inactive donors and (2) active donors and non-donors. Both variables were coded as 1 for active donors and 0 otherwise. Both variables served as treatment identifiers for our PSM models and were therefore the dependent variables in the PSM logit estimations.
Matching variables used in PSM
Our explanatory variables can be divided into four groups that have been shown to characterize blood donors in previous research [31, 32] : health-related, socio-demographic, psychographic, and donation behavior-related variables. Table 1 gives an overview of descriptive statistics and displays the pre-matching mean differences that provided initial evidence of substantial selection effects. For example, in the non-matched sample, fewer active donors were chronically ill compared with inactive and non-donors. After the matching process, however, the significance disappeared, indicating that the differences were caused by the healthy donor effect.
Health-related factors
This group comprises characteristics related to health status and health insurance. In general, active donors seem to pay more attention to their health status [7] . Like Boulware et al. [33] , we included the variables ''health status in the previous year'', ''alcoholic beverages'' and ''smoking'' as predictors in the PSM logistic models. Furthermore, we controlled for systematic differences in healthy nutrition (''health-conscious diet'') and overall hours of sleep (''hours of sleep''). The tests of significant differences in Table 1 reveals that active donors live more healthfully than inactive donors and especially non-donors. Next, we included the body mass index (BMI), defined as the individual's body mass (in kg) divided by the square of his or her height (in m). We derived two indicator variables that show whether an individual had a BMI that fell into the categories of overweight/underweight and find that there were fewer overweight persons (19.29 %) among the active donors than among the inactive donors (22.70 %; p \ 0.10) and the non-donors (22.24 %; p \ 0.01, see Table 1 ).
An important additional factor is an individual's health insurance status. Boulware et al. [33] showed that donors are more likely to purchase health insurance than nondonors. Therefore, we included three variables indicating whether a person had a general social health insurance policy (''compulsory health insurance''), an additional private insurance policy (''additional private insurance'') or an additional private insurance policy for hospital treatments (''additional private insurance hospital''). In Germany, about 10 % of the population are privately insured. These individuals are mostly civil servants and self-employed people. It should be noted that individuals with private health insurance coverage in Germany tend to be healthier because of the risk-related premium structure [34] . Interestingly, the proportion of individuals who had an additional private insurance contract for hospital stays was highest in the inactive donor segment (10.17 %) in comparison with the active donors (8.04 %; p \ 0.10) and non-donors (7.99 %; p \ 0.01). Moreover, we took into account whether a person qualified for additional allowances, which are related to employment status (''qualifying for additional allowances'').
Socio-demographic factors
The relevance of socio-demographic variables for donor profiling has been demonstrated in numerous studies [35] . Donors are likely to work more, be male [17, [37] [38] [39] and have more education [17, 39, 40] . We thus included hours of work per weekday as well as qualification for additional allowances. It is remarkable that active donors worked the most hours (p \ 0.10 versus inactive donors; p \ 0.01 We also included gender, education and marital status in our study. With 49.40 % male participants, the whole sample has a balanced gender structure. Active donors are relatively less likely to be married (53.63 %) than inactive donors (57.65 %; p \ 0.10) and non-donors (62.21 %; p \ 0.01). We also controlled for maternity benefits because donating blood is not allowed for breastfeeding women. Indeed, the percentage of persons who received a maternity benefit is highest in the inactive donor segment (3.65 vs 0.69 % and 1.42 % for active donors and nondonors, respectively). Previous studies also found significant effects of age on blood donation behavior [31, 37] . Due to the relevance of age as a discriminating characteristic between donors and non-donors, we grouped the individuals into five age categories (18-25, 26-35, 36-45, 46 -55 and 56-71 years). For all of the categories, we derived dummy variables set at 1 if the age of a respondent fell within one age category and 0 otherwise. The first category served as the reference.
Psychographic factors
We included a measure of overall satisfaction (''general satisfaction''), which was shown to be a relevant discriminating characteristic between donors and non-donors [19] . Indeed, the active donors are significantly more satisfied (p \ 0.05 cf. to inactive and p \ 0.01 cf. to non-donors).
Blood donation is related to psychological barriers such as the fear of needles [40] . Therefore, in line with past studies [31] , we included risk aversion in our study (''risk affinity'') and the general mood of the individuals was calculated as a factor comprising four emotional moods (angry, worried, happy and sad). The factor was computed by means of a principal component analysis (a = 0.69, explained variance = 51 %) with high values indicating an unhappy mood. In addition, we included satisfaction with achievements in life as a measure of self-esteem ( [41] ;''have not received what I deserve''), a variable that shows the degree of control over one's life, reciprocity (''return favors'') and political interest.
Donation behavior
We added information on donation behavior for other donation forms because it has been proven that blood donors are also more likely to donate time or money [30] . Interestingly, we find significantly more donations of money and time within the groups of active and passive donors than in the non-donor group (p \ 0.01 for money donations cf. to non-donors and p \ 0.01 for voluntary work for both inactive and non-donors; see Table 1 ).
Outcome variable
The outcome variable of our analyses is satisfaction with health. In the SOEP survey, the respondents were asked directly about their degree of satisfaction with their own health on an 11-point scale (0 = ''not satisfied at all'' to 10 = ''very satisfied''). Active donors are on average significantly more satisfied with their health (mean 7.23) than inactive donors (mean 6.77) and non-donors (mean 6.86). However, while at first glance the statistics indicate that active donors are more satisfied than inactive or nondonors, it is unclear whether these differences may be due to the healthy donor effect. We investigated whether this difference is still significant after controlling for selection effects.
Results
Propensity score matching
We estimated two PSM models to control for the systematic differences between active versus inactive donors and active donors versus non-donors. The dependent variables are the treatment dummy variables outlined above. The demographic, psychographic and health-related characteristics and donation behavior served as independent variables to estimate the propensity scores using logit regression. The propensity scores were then used in a kernel-matching algorithm with common support (Epanechnikov kernel function and a bandwidth parameter of 0.06; [42] ). Table 2 displays the results of the logit models.
Active donors versus non-donors
Active donors have significantly different health profiles. Generally, they live more healthfully: they smoke less, prefer healthy nutrition and suffer less from chronic illnesses. 7 In addition, they are healthier in the previous year. 7 The positive effect of drinking more alcohol on the probability of being an active donor as compared to being a non-donor is somehow inconsistent with the healthy donor effect. While we can only speculate regarding the causes for this effect, we assume that the effect is inverted U-shaped; i.e., that very high levels of drinking alcohol influence the probability of being an active blood donor negatively. A robustness check shows indeed that the squared effect for drinking alcohol is significantly negative (p \ 0.05) in the model comparing active donors and non-donors (and not significant in the model comparing active and inactive donors). The squared effect does not influence the PSM results and the estimates can be provided by the authors upon request.
The model also reveals differences in health insurance status: active donors are mostly privately insured individuals (i.e., individuals who are healthier in general). This result aligns with the finding that active donors have less compulsory health insurance (the statutory German health insurance system with community rating and no risk assessments). The active donors tend to have less additional private insurance in general but more additional coverage for hospital stays. These results indicate that active donors may make use of the family insurance packages that are often included in private policies in Germany. With regard to socio-demographic factors, the results reveal that active donors tend to be female, with a lower probability of having children. Consequently, they are rather unlikely to receive maternity benefits. We find that younger individuals are overrepresented within the active donors group [31, 37] . Finally, active donors live in the new federal states of Germany, have higher risk affinity [31] and demonstrate higher reciprocity. Compared to nondonors, blood donors are also prone to giving other types of donations [43, 44] .
Active versus inactive donors
When compared to inactive donors, active donors seem to have had better health in the recent past. However, the differences with respect to other health-related factors are less prominent, which is probably because there are fewer systematic differences between the groups in general [7] .
Comparison of satisfaction with health
After controlling for selection biases, we compared satisfaction with health in the matched samples. Table 3 suggests significant pre-matching differences between the groups (differences: 0.39 and 0.46; p \ 0.01), indicating that blood donation leads to greater health satisfaction. However, after applying PSM, the difference in satisfaction with health between active donors and non-donors becomes non-significant (the t value declines from 5.59 before matching to 1.35 in the matched sample). Furthermore, the comparison between active and inactive donors shows a similar picture: the differences in satisfaction with health are non-significant after matching (the t value declines from 4.73 before matching to 1.46 in the matched sample). Both findings indicate that the difference in satisfaction with health without using PSM is substantially overestimated: the difference is reduced by 82 % for the comparison between active donors and non-donors and 26 % when comparing active and inactive donors. These results are plausible because active and inactive donors are very likely to have similar profiles, especially because we excluded respondents who were not allowed to donate blood for medical reasons to avoid related biases.
In summary, we find substantial selection biases that provide empirical evidence for the healthy donor effect.
Goodness of fit and robustness checks
Both models reduce the selection bias substantially ( Table 2 ). In the matched samples, the mean bias for all included variables is substantially lower, and within the advised range of 4 %, with 1.23 and 1.97 for the model comparing active donors to inactive donors and nondonors, respectively [45] .
We conducted several robustness tests. First, we tested the robustness of the result using the alternative nearestneighbor matching algorithm [46, 47] . Despite differences in the search methodology-the nearest-neighbor approach seeks only one match for each donor, whereas the kernel algorithm uses all persons as matching partners-both algorithms lead to similar results. Second, we conducted PSM estimations with alternate bandwidth sizes (0.02, 0.04). The results are consistent with our estimation using a bandwidth size equal to 0.06. Furthermore, we tested the assumption of conditional independence, which is essential for the validity of PSM results. This assumption implies that all of the variables that simultaneously influence the propensity of a person to be a donor/non-donor must be observable [24] . We investigated whether our results are robust regarding the unobserved heterogeneity of donors by applying the bounding approach [48] . In a sensitivity analysis, we determined the level of the effect of unobserved components on blood donation behavior that could affect the validity of our results. We find that our results can only become insignificant because of unobserved individual heterogeneity if the effect of the unobserved heterogeneity is approximately 30 % as strong as that of all our observed donors' characteristics (Gamma values of 1.28 and 1.33, respectively, in model specifications I and II). Given the depth and the richness of the SOEP data, this seems rather unlikely.
Last, we replicated our PSM estimation using an alternative outcome variable for the measurement of the health status (the number of nights spent in hospital). The results were consistent with Table 3 : before matching, active donors spent on average significantly fewer nights in Kernel matching (Epanchenikov kernel function, bandwidth 0.06, with common support condition) *** p \ 0.01 hospitals compared with both inactive donors and nondonors. This difference, however, becomes non-significant after controlling for selection effects (see Appendix 2).
Discussion
Summary
Many blood donors seem to believe that blood donation is beneficial for their health [1] , and this idea is even actively promoted by the World Health Organization [2] . However, it is unclear whether blood donation leads to better health status, as several studies have shown [3] , or whether donors are healthier because of the health requirements for donating blood [7] . Selection effects caused by the healthy donor effect would lead to erroneous results and implications because of the substantial overestimation of the beneficial health effects of blood donation. Past research has underlined the necessity of taking these selection effects into account, recognizing the methodological problem, and a single study even reports the first empirical indications by comparing different donor groups [6] . However, no studies have quantified the healthy donor effect and controlled for selection biases while comparing health outcomes between donors and nondonors. Previous research studies recommend avoiding comparisons between donors and non-donors and focusing on within-group studies [7] , indicating the need for alternative methodological approaches that also allow for comparisons between groups. Our study fills this gap and proposes a PSM approach for capturing selection biases related to the healthy donor effect by comparing satisfaction with health between active donors and inactive/nondonors. In particular, we investigated whether active blood donation behavior actually leads to higher satisfaction with health. Using data from the German SOEP comprising more than 12,000 individuals, we included health-related, demographic and psychographic factors and past donation behavior (i.e., monetary donations and volunteering) as matching variables. We estimated two PSM models comparing active and inactive donors as well as active and nondonors. The results reveal significant substantial effects of numerous variables, indicating selection biases related to the healthy donor effect. The differences between active donors and non-donors are greater than those between active and inactive donors. After controlling for these selection effects, we compared the satisfaction with health in both matched samples. Interestingly, while active donors are significantly more satisfied with their health in the unmatched samples, after matching the differences become non-significant. These findings indicate that the differences without using PSM were overestimated up to 82 % when comparing donors and non-donors.
In summary, we show that selection biases due to the healthy donor effect exist and that these biases lead to an overestimation of the positive influences of blood donation on the donors' health.
Implications for research
Two important implications for academic research can be derived from our results. First, the findings quantify substantial selection biases related to the healthy donor effect and expand the stream of research on the healthy donor effect. This result is interesting because it indicates that the beneficial effects of blood donations that have been reported in health research studies are overestimated. Consequently, future research on health comparisons between blood donor groups should control for selection biases to increase estimation accuracy. Second, we propose a methodological approach for measuring selection biases related to blood donation behavior. Our approach is highly flexible and can be easily adapted to other research questions that require separating selection effects before comparing health outcomes of groups. Our method enables comparison of the effects between donor groups and vastly expands the existing recommendations to focus on withingroup designs.
Implications for management
We have demonstrated that donors' better health status is due to selection effects related to blood donation behavior. This reverse causality implies that blood donation organizations and health organizations should be cautious when they proactively communicate the beneficial effects of blood donation on health status. Rather, blood donation organizations should communicate the beneficial health status effects caused by regular health checks that are made before a blood donation, for example.
Despite the selection effects, the better health status of donors has implications for health insurance companies: insurance companies might offer reduced premiums for donors because donors are significantly less often sick and tend to behave in a more health-conscious manner.
Limitations of our study Our study was limited by the available data: the SOEP survey contains self-stated measures, and we relied upon self-reported satisfaction with health to measure the health status. Hard information e.g., mortality, hospitalization, or specific diagnoses which could be more objective measures of the health status, were not available in the data. Despite substantial evidence that self-rated health is a valid measure due to its relationship to mortality and morbidity, future studies could try to replicate our findings using observed health outcomes.
The PSM techniques allow to capture of selection biases related to the observed variables that are included as predictors into the estimation. Because of this, they do not allow for selection biases due to unobservable factors, e.g., preferences or motives. Future studies could complement our findings by investigating other sources of selection bias and expanding the set of predictor variables that can lead to selection effects of health outcomes between different donor groups.
Outlook for future research
There are a number of important ways this research could be extended. First, as stated above, we plan to investigate ''harder'' measures, such as mortality and morbidity measures, in future. Second, we would like to include motives and investigate related potential biases due to e.g., motivational factors. Finally, it seems interesting to expand the scope to other forms of donation, e.g., marrow or organ donation, and to compare the resulting effects.
Appendix 1
See Table 4 . 
Appendix 2
The SOEP survey contained self-stated information related to hospital admissions of the respondents. Specifically, respondents were asked to state the number of nights spent in hospitals assessed by the open question ''How many nights altogether did you spend in hospital last year?'' We used the variable ''number of nights spent in hospitals'' as an alternative outcome of our PSM models for investigating the robustness of our results ( Table 5) .
The results are consistent with those displayed in Table 3 (see Table 5 ). We find significant differences between active and inactive donors and between active donors and non-donors regarding the number of nights spent in hospitals before matching. Active donors spent significantly fewer nights in hospitals, indicating a better health status. However, after considering the selection biases related to the healthy donor effect, the differences become non-significant (see Table 5 ). 
